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ABSTRACT
Reducing vaccine hesitancy is an essential public health & safety
challenge worldwide, especially during the COVID - 19 pandemic. Governments
and health safety agencies have noticed that social media can significantly
influence people's sentiments and opinions about vaccinations. There is a lack of
studies on the impact of social norms, herding effects, and social media
influencers on people's sentiments and opinions about vaccinations. This
culminating experience project extracted and analyzed Twitter data (2021 to
2022) using Twitter API and the RStudio AcdemicTwitterR package to study the
impact of social norms, herding effects, and social media influencers on people's
sentiments, emotions, and opinions about COVID - 19 vaccinations. Methods
used to fulfil the data analysis are natural language processing algorithm sentiment analysis, and social network analysis algorithms. The top three main
questions for this study are (1) What caused Twitter COVID-19 vaccinerelated keywords trends and sentiment to change over time, (2) How do social
media influencers on Twitter impact other users’ sentiment on COVID-19
vaccine-related topics, and (3) Do herding behaviors exist and how does
it affect media users’ sentiments and opinions about the COVID-19 vaccine. The
results for the main questions showed that (1) Twitter keyword trends change
and fluctuate with COVID-19 vaccine-related news and events; (2) Social media
influencers use their unique influence and the information dissemination pattern
of the topic community to influence other users on vaccine-related opinions; (3)
iii

The python subjectivity test shows herding behaviors exist in negative polarity
topic communities and significantly change COVID-19 vaccine sentiment.egative
polarity topic communities and significantly change other users’ COVID-19
vaccine emotion. Social media platform like Twitter is a double-edged sword. It
could cause more vaccine hesitancy if public health agencies do not pay enough
attention. However, if public health agencies could utilize Twitter properly, it
would be a potent weapon that can significantly reduce vaccine hesitancy. It is
recommended that public health agencies (1) utilize social media influencers to
promote reliable information sources and official information to users, (2) use
social norms-based messages to warn users, and (3) invite health professionals
to social media to help dispel misinformation with their influence. Areas for further
study include factors that caused vaccine hesitancy, such as political, cultural,
ethnicity, and social aspects by state, county, and city.
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CHAPTER ONE
INTRODUCTION AND PROBLEM STATEMENT

Introduction
From 2019 to the present, the impact of COVID-19 caused by the SARCoV-2 virus on human society has been tremendous, and the global new
confirmed cases and deaths are still rapidly increasing. Based on the live report
from the WHO website, the global confirmed cases cumulative until July 5, 2022,
is 547,901,157 and including 6,339,899 deaths (CDC, 2022). Fortunately, the
COVID-19 vaccine started being distributed at the end of 2020 and a total of
12,037,259,035 vaccine doses have been administered (WHO,2022). Despite
the availability of life-saving vaccines, deliberately misleading information about
vaccination has widely been spread on social media. Unfortunately, vaccine
hesitancy has become unprecedented through the increasing social media use
during the pandemic with the impact of social behavior factors.
Vaccination is the most efficient method to prevent the pandemic's spread,
infection, and death (Kelen, Maragakis, 2021). According to the MMWR report, a
survey was done from April 4th to December 25th, 2021, within 25 U.S
jurisdictions. There was a total of 9,678,557 confirmed COVID cases with
6,812,040 patients were unvaccinated and 2,866,517 were vaccinated. Until
December 4, 2021, there were reported deaths of 117,207 with 80.74%
unvaccinated, and 19.25% vaccinated (CDC, 2021). This data indicates that
vaccination can effectively reduce COVID-19 infections and death. Another SAR1

CoV-2 virus infection study conducted in Kentucky indicates that individuals
infected previously but unvaccinated have a 2.34 times higher reinfection rate
than vaccinated individuals (Cavanaugh et al., 2021). This study indicates that
vaccination can also reduce the reinfection rate.
The COVID-19 pandemic has brought a devastating effect, creating
anxiety, fears, and complex feelings in countless people; therefore, social media
has become a place where people can express, release their emotions, and find
information when social activities are constrained. According to a survey from
mid-2020, there are 55% age from 18 to 24, 47% age from 25 to 44, 31% age
from 45 to 64, and 21% over 65 U.S adults rely on social media for the pandemic
information such as Twitter, Facebook, and YouTube (THE STATE OF THE
NATION: A 50-STATE COVID-19 SURVEY REPORT#4, 2020). The newest
survey results about attitudes of Americans on how to treat COVID-19
information, “About 28% of Snapchat users, 23% of Instagram users and 25% of
Wikipedia users believed inaccurate claims” in 2-day survey period nationwide
about the COVID-19 vaccine (Kulke, 2020).
On the other hand, social factors such as herding effects, social norms,
and social media influencers can also influence individuals’ decision making.
Herding effect refers to a social phenomenon that indicates that people’s
decision making is fast and easily influenced by the decisions and behaviors of
others from a similar social group (Zhang et al., 2019). For example, people are
more willing to believe what more people trust even if these beliefs might be
2

incorrect. Social norm effect refers to the information leading to the collective
understanding of social norms reinforcing social coordination (Arias, 2019).
People tend to accept the latest information because other individuals also buy it.
For example, parent and peer norms affect teenagers' COVID vaccine intentions.
Social media influencers (SMIs) are people on social media who actively
influence other users’ emotions and attitudes via blogs, tweets, and posts
(Freberg et al., 2011). These SMIs often tell people in the vaccine-related
discussion that the public media greatly exaggerate the threat of a pandemic and
tell people vaccines are useless. These social factors could impede the
promotion of vaccines to save lives during COVID-19 pandemic.

3

Problem Statement
Governments and health safety agencies have noticed that social media
can significantly influence people's sentiments and opinions about vaccinations.
Nevertheless, the abundance of misinformation and negative emotions can
impact individuals looking for information on social media. Although some studies
have published and displayed misleading information on the Internet that people
should avoid: (1. Where COVID-19 started, 2. When it started, 3. Why and how it
spread and developed), there is a lack of studies on the impact of social norms,
herding effects, and social media influencers on people's sentiments and
opinions about vaccinations. Without a comprehensive study of these factors and
their influence on social media user decisions, the negative impact on COVID-19
containment will continue unabated.
The questions that Governments and public health officials should address are:
1. How and why have COVID-19 vaccine-related topic and keyword
trends changed over time by day, month, and year across the U.S.?
2. What caused Twitter keywords trends and sentiment to change
over time about the COVID-19 vaccine?
3. Where are users with different sentiments distributed on a map?
4. How do users feel about the COVID-19 vaccine and what these
sentiments are?
5. What COVID-19 vaccine-related keywords are most frequently
used on Twitter search engine?
4

6. What aspects are Twitter users worried about the COVID-19
vaccine?
7. Who are the social media influencers?
8. How is information transmitted through Twitter COVID-19 vaccine
topic communities?
9. Who are the key players that spread COVID-19 vaccine topic
communities?
10. Is herding effect exist in COVID-19 vaccine topic communities?
11. How does herding behavior affect social media users’ sentiments
and opinions about the COVID-19 vaccine?

5

Organization of the Study
This project is organized as follows: Chapter 1 covers an introduction and
problem statement; Chapter 2 covers a literature review for this study; Chapter 3
contains dataset description and methods used for data collection. Chapter 4
data analysis and visualization; Chapter 5 provides the explanation of the results,
recommendations, and areas for further study; Chapter 6 has conclusion and
limitations for this culminating experience project.

6

CHAPTER TWO
LITERATURE REVIEW

Literature Review
Regardless of the available research, vaccine hesitancy is still a top
threat to public health safety during the COVID-19 pandemic (Chen, 2021). Many
research studies have addressed how social norms, social media influencers,
and herding effects influence vaccine-related decision-making. This chapter will
introduce the results and methods of studies that will contribute to this project
including social norms, social media influencers, herding effects, sentiment
analysis, and social network analyses.
Social norm is a sociology term that is. According to Cialdini et al.'s
(1991) theory of human normativity, individuals' beliefs of group members will
significantly influence the decision-making of individuals who are from the same
group. A study by Quinn et al. (2017) found an association between subjective
norms and vaccine-related decision-making. The results showed that facilitating
communication among loved ones will decrease vaccine hesitancy (Quinn et al.,
2017). Multiple regression models indicate that social norms are positively
associated with participants' intentions and perception of the importance of the
COVID-19 vaccine (Graupensperger et al., 2021). Another research study by
Jaffe et al. (2022) suggests that vaccine hesitancy affects descriptive norms and
that reducing normative misperceptions will improve vaccine uptakes. Social
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norms are critical factors influencing vaccine intention; however, people are the
intermediaries to facilitate changing perceptions.
Social Media Influences (SMIs) are highly influential users to other
individuals on social media (Harrigan et al., 2011). They are usually active on
social platforms such as blogs, Twitter, and Facebook. These SMIs can shape
social media users' attitudes and change their perceptions (Freberg et al., 2011).
An SMI could be a celebrity, expert, or user familiar to other users (Cooley &
Yancy, 2019). The characteristics of SMIs include the following: they have a vast
number of followers, close connections, posting more frequently and a high
retweet rate, or having a confident personality (Harrigan et al., 2021).
Furthermore, SMIs greatly influence millennial consumers' decisionmaking and are considered trusted voice sources by other users (Harrigan et al.,
2021). A study by Leader et al. (2021) suggests that influencers often have
unique and robust views on vaccine research and use personal experience to
reinforce their views. These SMIs influence other users' perceptions and decision
making; therefore, it is a significant factor that impacts vaccine hesitancy.
Herding refers to people who emotionally tend to do what other people are
all doing instead of using the information they have or can easily access
(Banerjee, 1992; Bikhchandani et al., 1998). Social media users become hesitant
to vaccinate when they see many anti-vaccine comments, and they will accept a
signal that others have negative emotions to get vaccinated (Lu & Sun, 2022). A
study suggests that social media users tend to get vaccinated if other users are
8

vaccinated (Parker et al., 2019). Emotional transmission in herding is called
emotional contagion; this phenomenon usually happens unconsciously (Wispé,
1991). Emotions can spread among modern social technology users even if there
is no direct relationship (Ferrara & Yang, 2015; Kramer, et al., 2014). Emotions
such as happiness or fear are communicated through social media, and people
are more vulnerable to fear (Fowler & Christakis, 2008). People usually do not
perceive the influence of negative emotions, and the influences are more
substantial than positive emotions (Kramer, et al., 2014; Byron, 2008). Emotional
contagion does not require understanding the emotions of others and is an
involuntary process, and it works with text-based nonverbal communication such
as email and social media (Derks, et al., 2008). The TextBlob library from Python
can determine whether there is a herding effect on a social media platform based
on the subjectivity and clustering values in tweets (Dutta et al., 2018). Herding is
a medium that allows negative emotions to spread through the crowd and cause
people to be affected unconsciously; which indicates that herding is a potential
threat to increasing vaccine hesitancy. Fortunately, sentiment analysis could help
researchers identify the existing herding effects on social media and demonstrate
it with data.
Sentiment analysis and topic modelling are among the most popular
methods for analyzing social media public sentiments (Bashri & Kusumaningrum,
2017). Natural Language Processing algorithms support performing sentiment
polarity analysis on social media data and categorize stances based on polarity
9

levels such as optimistic, pessimistic, neutral, happy, fearful, and skeptical (Liu et
al., 2021). The polarity in the sentiment of social media topics is event driven
(Higuera et al., 2021). A study by Han et al. (2021) points out absolute peaks in
positive tweets about vaccines during World Immunization Week and European
Immunization Week celebration or absolute peaks in negative tweets when new
COVID-19 variants appear. On social media, user communities are highly
polarized, meaning users only consume and generate information in support or
against vaccines rather than for both (Schmidt et al., 2018). Sentiment analysis
helps researchers understand how people's feelings change with COVID-19
vaccine topics and find the factors that cause emotions to change in a social
network.
SNA refers to social network analysis. SNA is not a theory from sociology;
however, it is a strategy used for social structure investigations (Otte & Ronald,
2002). SNA technique aims to reveal patterns of interdependencies between
individuals’ interactions in the social network (Tabassum et al., 2018). A study by
Dutta et al. (2018) found that if textual data from social media has high
subjectivity values, herding effects exist. SNA is not only an efficient method to
identify herding effects on social media but can also find SMIs and their
relationships with other users.
A comprehensive report has not been completed to demonstrate how
social norms, social media influencers, and herding effects on social media
platforms such as Twitter influence COVID-19 vaccine-related sentiments and
10

decision making. Most studies were accomplished by questionnaires, panel
reviews, and designed experiments to illustrate how certain social behavior
factors affect vaccine hesitancy. For example, a study by Meszaros et al. (1996)
used surveys and data collected from 5,000 subscribers to medical journals in
five states and follow-up interviews. They found that 90 percent of the total
sample population thinks their child will have a long-term injury if they get
vaccinated. cent studies by Moehring et al. (2021) have used extensive data (n =
484,239) retrieved from Facebook to show people that accurate information
about descriptive norms can significantly increase willingness to get vaccinated
against COVID-19.
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CHAPTER THREE
METHODOLOGY

Methodology
The methods used to answer the research questions in this culminating
experience project will be divided into three sections. The methods used in the
first section will answer the following questions:
1. How and why have COVID-19 vaccine-related topic and keyword
trends changed over time by day, month, and year across the U.S.?
2. What caused Twitter keywords trends and sentiment to change
over time about the COVID-19 vaccine?
3. Where are users with different sentiments distributed on a map?
To answer the first two questions, this project will use keywords and hashtags
that are currently popular to retrieve tweets from Twitter to create time-series
object and use time-series data to visualize COVID-19 vaccine emerging trends
and users' emotions. It is also necessary to distinguish the difference between
original tweets, favorite counts, and retweets. Original tweets are not retweets,
quotes, or replies but are original postings from a Twitter user. Distinguishing
original tweets with retweets and favorite counts is extremely helpful because the
ratio of retweets for an individual user helps identify repetitive tweets and
whether a tweet retains a reasonable user engagement rate. Results filtered by
retweets and favorite counts will help us ensure an original tweet's popularity.
The percentage of original tweets helps us identify repetitive tweets and whether
12

a tweet retains a reasonable user engagement rate. This approach will determine
the most popular COVID-19 vaccine-related keywords and plot time series data
from Twitter to help audiences understand the current COVID-19 vaccine-related
topic trends across the U.S. (Kim et al., 2013). To answer question 3, this project
will use current available users’ geographic location metadata from COVID-19
vaccine-related tweets to demonstrate Twitter keyword trends on a map by state.
Plotting a trend’s location on a map will help the audience to gain insights into
where these users are concentrated.
The methods used in the second section will answer the following
questions:
4. What COVID-19 vaccine-related keywords are most frequently
used on Twitter search engine?
5. What aspects are Twitter users worried about the COVID-19
vaccine?
6. How do users feel about the COVID-19 vaccine and what these
sentiments are?
This section has three parts: topic modelling, visualizing popular terms, and
sentiment analysis. This approach will use topic modelling and popular terms
visualization to answer questions 4 and 5. First, a document-term matrix (DTM)
for corpus on COVID-19 vaccine-related topics tweets will be created. Topic
modelling will help save terms used in tweets retrieved from Twitter using
COVID-19 vaccine-related keywords into a DTM. With the help of the RStudio
13

inspect function, the most frequently used terms in tweets from DTM will be
displayed and organized. The next step is to use the Latent Dirichlet Allocation
(LDA) algorithm function from the RStudio Topicmodel library to extract topics
from large amounts of text in DTM and automatically categorize the text into
distinct categories. The last action of this step is to set up an argument from the
LDA function to show the top 20 terms. Then the most frequently used terms
relevant to our topic tweeted using bar plots and pie chart to plot positive and
negative words in the dataset will be shown. To answer question 6, the approach
will apply “Lexicon Dictionary” to calculate the score based on the sentiment and
intent of the text in the tweet. The sentiment visuals will visualize users’ beliefs
and feelings and categorize them into trust, fear, anticipation, sadness, anger,
joy, disgust, and surprise.
The methods used in the third section will answer the following questions:
7. Who are the social media influencers?
8. How is information transmitted through Twitter COVID-19 vaccine
topic communities?
9. Who are the key players that spread COVID-19 vaccine topic
communities?
10. Is herding effect exist in COVID-19 vaccine topic communities?
11. How does herding behavior affect social media users’ sentiments
and opinions about the COVID-19 vaccine?

14

The method used to answer questions 7, 8, and 9 are the calculation of indegree, out-degree, and betweenness centralities. Social network analysis is
performed to identify key influencers and visualize interdependencies between
Twitter users. SNA will help calculate significant users' in-degree and out-degree
centrality in a retweet network (Wiiava & Handoko, 2020). Out-degree centrality
identifies key players by calculating the users' post frequency in COVID-19
vaccine-related topics. In-degree identifies influencers by showing us how many
times a user's post is retweeted. Betweenness is how a social network user
stands between two different networks. The bridge user sets up connections
between other social networks and transmits information from one network to the
other. The higher the betweenness centrality value a bridge user has; the more
information is passed through that user to another social network. The method
exploited to answer questions 10 and 11 is to use Python TextBlob package to
conduct tweets text subjectivity and polarity tests. Herding behaviors exist when
negative tweets are high on subjectivity and polarity clustering coefficient.

15

Proposed Approach

Figure 1-1: Proposed Approach
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Data Source and Collection
Twitter API is one of the most user-friendly and high accessibility social
platform data sources used to measure user sentiments (Chakraborty et al.,
2020). The reason for choosing Twitter as the data resource is that the Twitter
API is more open to the public and accessible than other social media platforms
(“USING TWITTER AS A DATA SOURCE: AN OVERVIEW OF CURRENT
SOCIAL MEDIA RESEARCH TOOLS”, 2015). The Twitter hashtag feature
makes it easier to locate and track topics and conversations on Twitter. I will use
tweets data between the end of the year 2020 to the end of 2021 because the
COVID-19 vaccine started distributing within this timeframe, so we can see how
Twitter user sentiments change over time. The data I am going to use will be
extracted from Twitter and imported into Rstudio by using Twitter APIs academic
research version. The academic research version of Twitter API has more
advantages than other versions, such as retrieving up to 10 million tweets every
month, 1000 rules for filtering specific tweets and topics, 1024 characters query
search length, and historical data extraction. These advantages will provide a
more comprehensive and flexible data extracting, filtering, and querying for this
project.

Dataset Description
Up to 150 metadata components are contained by a single tweet
(Dwoskin, 2014). All Tweets returned by Twitter APIs contain data encoded by
17

“JavaScript Object Notation (JSON)” (Tuzun, 2018). For example, screen_name
is an attribute used to store usernames that appear on Twitter. The tweet
component attributes are in the table below:

Table 2-1: Dataset Attribute & Description
#

Attribute

Description

1

screen_name

The screen name, handle, or alias that this user
identifies themselves with.

3

reply_to_user_id

If this tweet is a reply, the numeric id of the user
who posted the tweet that is being replied to.

5

retweet_user_id

If this tweet is a retweet, the numeric id of the
user who posted the original tweet being
retweeted.

7

is_retweet

Whether is a tweet retweeted.

8

favorite_count

How many favorites a tweet has.

9

retweet_count

How many times a tweet is retweeted.

10 quote_count

How many times a tweet is quoted.

14 reply_count

How many times a tweet is replied.

16 geo_coords

It contains lat/long coordinates.

18 followers_count

How many followers a user has.

19 friends_count

How many friends a user has.

18

Data Processing
Data extracting is used through Rstudio and Twitter APIs. A tweet’s text
metadata is unstructured, noisy, and will impact the result accuracy; therefore,
useless text data such as URLs, special characters, punctuations, numbers, and
emoticons are removed once text data is saved in an attribute.

Figure 1-2: Data Processing
19

Tools
Rstudio
Rstudio is a powerful open-source tool for statistical analysis and data
visualization running with R programming language (“Python vs. R: What’s the
Difference?”, 2021). The RStudio statistical tool is more user friendly because it
was designed for users who do not have extensive of programming experience. It
is a powerful tool to generate statistical results and graphs in a couple of lines
code. Rstudio is also a great tool for data preparation, data mining, and data
cleaning. This project will mainly use Rstudio to perform:
•

Data collection

•

Data cleaning

•

Topic modeling

•

Sentiment analysis

•

Social network analysis

•

Data visualization.

Python
A study by Dutta et al. (2021) conducted polarity and subjectivity analysis to
identify herding behavior on Twitter during the West Bengal election. In this study, I will
use the TextBlob subjectivity analysis technique from Python to identify herding
behaviors on COVID-19 vaccine-related tweets.

20

CHAPTER FOUR
DATA ANALYSIS AND VISUALIZATION

Data Analysis and Visualization
U.S. Twitter COVID-19 Vaccine Keywords Fluctuation
Figure 1-3 shows the fluctuation of each keyword category over the past seven
days across the U.S when vaccine-related topics are mentioned in Twitter topic
communities. For example, we can see that the green line shows vaccine
protection-related keywords had a surge on March 28, 2022, which were
mentioned the most in topic communities.

Figure 1-3: U.S. Twitter COVID-19 Vaccine Keywords Fluctuation
21

Vaccine Related Keywords Trend From January 2020 to 2022
COVID-19 vaccine-related keywords trend started increasing at the beginning of
the year 2020 and reached the highest point when the COVID-19 vaccine started
distributing in January 2021, and that’s the time when users started searching
keywords such as medical freedom and vaccine harm right on Twitter.

Figure 1-4: Vaccine Related Keywords Trend From January 2020 to 2022
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U.S COVID-19 Vaccine-Related Keyword Sentiments by State
Figure 1-5 shows the fluctuation of each keyword category over the past seven
days across the U.S when vaccine-related topics are mentioned in Twitter topic
communities. For example, we can see that the green line shows vaccine
protection-related keywords had a surge on March 28, 2022, which were
mentioned the most in topic communities.

Figure 1-5: U.S COVID-19 Vaccine-Related Keyword Sentiments by State
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Anti-Vaccine Tweets and Number of Favorites Count
Figure 1-6 shows the content top 5 anti-vaccine tweets content and their favorite
counts from U.S. regions. Based on the top 5, we can see the trend on Twitter is
that people prefer not to wear masks and tend to trust herd immunity.

Figure 1-6: Anti-Vaccine Tweets and Number of Favorites Count
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Pro-Vaccine Tweets and Number of Favorites Count
Figure 1-7 shows the top 5 pro-vaccine tweets content and their favorite counts
from U.S. regions. From the tweets below, we can see that there are 1,434,798
Twitter users are optimistic about the COVID-19 vaccine worldwide coverage.

Figure 1-7: Pro-Vaccine Tweets and Number of Favorites Count
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Anti-Vaccine Related Retweets and Number of Retweets Count
Based on figure1-8, we can conclude that most of the Twitter users are tend not
to support anti-vaccine speech.

Figure 1-8: Anti-Vaccine Related Retweets and Number of Retweets Count
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The Most Frequently Used Keyword
This visual demonstrates the most frequently used keyword on the Twitter search
engine from the sample collected. Twitter users are more interested in looking for
information about COVID-19 vaccine side effects, CDC news, herd immunity,
risk, and booster.

Figure 1-9: The Most Frequently Used Keyword
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COVID-19 Vaccine Related Topic Sentiment Across the U.S.
Nationwide, 64% of the total sample population has negative sentiment toward
vaccine-related topics, and 36% are optimistic about vaccine-related issues. We
can conclude that people present a relatively negative attitude on Twitter toward
COVID-19 related matters.

Figure 1-10: COVID-19 Vaccine Related Topic Sentiment Across the U.S.
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The Top 20 Most Common Positive and Negative Terms
Based on the visual, we can see that people have negative feelings about the
risk, death, and vaccine kills toward the COVID-19 vaccine, especially the word
risk appears 5,630 times, and it is the second most common negative term.

Figure 1-11: The Top 20 Most Common Positive and Negative Terms
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NRC Emotional Lexicon Radar Chart
The radar chart demonstrates the proportion of each emotion that users
expressed from the total sample population. We can conclude that Twitter users
primarily express fear, anticipation, and sadness on COVID-19 related tweets.

Figure 1-12: NRC Emotional Lexicon Radar Chart
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The Top 20 Sentiment Terms Frequency (U.S.)
The visualization for the sentiment terms displays anger, fear, sadness, and
disgust towards the COVID-19 vaccine related to shot, death, and risk.

Figure 1-13: The Top 20 Sentiment Terms Frequency (U.S.)
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Top 10 Twitter User Community
Figure 1-14 indicates the top 10 of 10,419 Twitter user community clusters of
COVID-19 vaccine-related keywords. N in the second column shows the scale of
participants in each community.

Figure 1-14: Top 10 Twitter User Community
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Top 6 Twitter User Community Visualization
We can see from figure 1-15 that there are 6 large communities that exist in the
sample population. They are colored with pink, green, blue, black, purple, and
cyanine.

Figure 1-15: Top 6 Twitter User Community Visualization
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Top 5 Community of COVID-19 Vaccine Related-Topics
From the top 5 community visualization below, we can see that the social media
influencers in the biggest community are theRCN, SevenRakheshJap,
Iwoodhouse, and SylvanDelaCruz. The popular username in the second
community is monty_chadha. The popular username in the third biggest
community is milikm. The popular username that appears in the fourth biggest
community is justin_hart. There are three popular usernames in the fifth biggest
community zeitonline, EberhardSchlie, and Claudia_ellert.

Figure 1-16: Top 5 Community of COVID-19 Vaccine Related-Topics
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View of Retweet Network
There are 83,287 edges and 158,325 vertexes in the retweet network. The
source users and target users are separated by arrows. For example, 1Kimsey is
the source vertex who retweeted an original tweet from the target vertex user
ConnieSpeth who posted the original tweet.

Figure 1-17: View of Retweet Network
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Top 10 Out-Degree Users
The top 10 out-degree centrality users are shown below. The high out-degree
value indicates that these ten users retweet the most in the retweet network.
They are the users who spread the original tweets in the community.

Figure 1-18: Top 10 Out-Degree Users

Top 10 In-Degree Centrality Users
The top 10 in-degree centrality users from the user community are shown below.
The high in-degree value indicates these users are the top 10 influential users in
the retweet network because their tweets are being retweeted the most.

Figure 1-19: Top 10 In-Degree Centrality Users
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The Top 10 Betweenness Users
The top 10 betweenness users are shown below. These ten users contribute the
most to information flow because they are the bridge users who pass a retweeted
tweet to another network. The higher the betweenness, the faster the information
passes from one community to another.

Figure 1-20: The Top 10 Betweenness Users
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Top 6 SMIs
The top 6 users table visual shows users with high in-degree, betweenness,
closeness, and out-degree centrality. For example, Username theRCN is the
most influential user in the network because this user’s tweets are retweeted the
most. The username medriva has both betweenness and closeness which
means that this user is the shortest path between all other users, and it passes
the most information between different networks. The username jjaranaz94
retweets other users’ tweets the most.

Figure 1-21: Top 6 SMIs
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Subjectivity and Polarity of Top 100 Anti-Vaccine Tweets
Figure 1-22 shows us the top 100 negative polarity or sentiment tweets. We can
conclude that most of the sample population with negative emotions are worried
that the Covid-19 vaccine could threaten their lives.

Figure 1-22: Subjectivity and Polarity of Top Tweets 100 Anti-Vaccine Tweets
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Is Herding Effect Exist in COVID-19 Vaccine Topic Communities
Figure 1-23 shows that most of the tweets’ subjectivity range between 0.2 - 0.8
and polarity between 0 – 0.75, indicating that the tweets are in public opinion
rather than factual information. The higher the subjectivity value, the higher the
clustering coefficient; therefore, most people are given similar opinions.
Regarding herding behaviours, we can conclude that most people follow the
same opinion.

Figure 1-23: Is Herding Effect Exist in COVID-19 Vaccine Topic Communities
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CHAPTER FIVE
DISCUSSION AND RECOMMENDATION

Discussion
Discussion Chapter 4 investigated three factors that could cause vaccine
hesitancy which are COVID-19-related events, social media influencers, and
herding behaviors. The discussion section will explain the results from chapter 4
in detail to reveal how these three factors influence vaccine hesitancy and the
phenomena behind the scenes.
First, Twitter topics and keyword trends are event driven. By conducting
time-series data analysis, this culminating experience project found that negative
tweets about the Covid-19 vaccine and related keywords search frequency had
skyrocketed and peaked at the end of 2020 when the vaccine was first released
and then gradually decreased. Positive tweets follow the opposite pattern. By
analyzing the collected keywords, it was found that Twitter users are particularly
concerned about the side effects of vaccines and whether the side effects will
cause harm to the body. The map visual indicates that the overall sentiments are
relatively high across the U.S. However, the U.S. East Coast sentiment is
generally less positive than on the West Coast.
Second, with the help of natural language processing algorithms, it was
observed that the proportion of negative tweets and keywords appeared up to
64% of the total dataset. In comparison, the proportion of positive and neutral
tweets and keywords were only 36% of the total. Most of users are more
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interested in looking for information about COVID-19 vaccine side effects, CDC
news, herd immunity, risk, and booster. However, Twitter users started to create
negative tweets and search negative keywords primarily during December 2020.
Therefore, we can conclude that people are more likely to search for negative
news when momentous events happen.
Next, the social network analysis algorithms segmented tweets and topics
from Twitter users into five significant communities. The top five negative polarity
topic communities are primarily distributed in the northeastern United States.
Each community is centered on major social media influencers. These social
media influencers are characterized by extremely high activity in the community,
many followers, frequent tweets and messages, and a high retweet rate. People
in the topic communities tend to share and like tweets from social media
influencers. The betweenness centrality from the social network analysis result
shows that a large topic community always has significant bridge users who
quickly pass information to other users and communities. These bridge users
have more followers and extremely high retweet rates.
The python subjectivity test result shows that negative tweets' subjectivity
value is between 0.2 and 0.8, and the polarity value is between 0 and 0.75.
Twitter users are given similar opinions from the same topic community when
negative tweets are both high on subjectivity and polarity clustering coefficient.
Based on the results, we can conclude that herding behavior exists in the
negative Covid-19 vaccine-related topic communities.
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Recommendations
Twitter users frequently post negative tweets and search keywords about
the Covid-19 vaccine. Therefore, we can see that people are inevitably
experiencing anxiety, fear, and panic during the Covid-19 pandemic. Twitter
users are susceptible to negative tweets and information about the pandemic and
vaccines during this period. In this situation, negative tweets and keywords
quickly increase vaccine hesitancy. Based on the data analysis results from the
previous chapter, we will provide recommendations that can reduce vaccine
hesitancy caused by Covid-19 related events, social media influencers, and herd
effects.
After the vaccine was released, the observed proportion of COVID-19
vaccine-related tweets and retweets with negative polarity was 64% of the total
sample population. CDC is the only keyword used for searching the positive
polarity tweets and retweets among the 36%. I recommend that social media
users actively follow and search information from public health agency officials
rather than other users’ opinions, retweets, and news. Reliable public health
sources include the CDC, National Library of Medicine, Johns Hopkins Medicine,
and the FDA. Negative sentiment can increase vaccine hesitancy through nonverbal forms such as tweets, emails, and text messages (Derks et al., 2008).
Therefore, reading and retweeting of negative tweets is a threat to public health
safety.
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Public health agencies can use machine learning to predict future keyword
changes on social media (Das et al., 2015). This method can help public health
agencies understand future COVID-19 vaccine-related topics and keyword trends
on social media. After getting to know the future topic trend, we suggest that
health agencies reach out to social media companies and recommend them to
prioritize showing official news when users search for related topics or keywords
about the COVID-19 vaccine. This strategy gives users a chance to get access to
official information before they reach negative tweets from unofficial users. At the
same time, we suggest that public health agencies establish a correction
mechanism based on predicted keywords trend by displaying a warning message
with correct information to reduce the influence of misleading information. The
correction mechanism uses embedded information to effectively strengthen
users’ cognitive defenses to reduce users’ exposure to harmful or misinformation
(Bode & Vrage, 2017).
Next, public health agencies should cooperate with popular SMIs and key
topic community leaders to conduct topic and comment area interventions based
on the topic community's nature, perspective, and culture (Trethewey et al.,
2019). For example, public health agencies can invite well-known vaccine
experts to do live streaming, create their own page, and topic forum on social
media to advise the public on the COVID-19 vaccine and help dispel
misinformation with their professional knowledge. For example, doctors and
nurses in the United States are willing to help correct health misinformation and
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topics on social media (Bautista et al., 2021). Our final recommendation for this
section is to utilize bridge users to join the COVID-19 vaccine-related topic
community led by health professionals to speed up the correct information
passed across communities.
Finally, to reduce the herding effect of negatively polarized tweets in the
COVID-19 vaccine topic community, we suggest that public health agencies use
social norm-based messages to minimize the retweet rate of negative tweets
from unofficial social media users. We suggest public health agencies
recommend that social media companies display a warning to users when they
are clicking the share button for COVID-19 vaccine-related information or tweets.
The warning message should warn the users who are planning to retweet or
share that there is a lot of "false information" online, and the most responsible
people will think twice before sharing information with other users (Bode & Vraga,
2017). A research study shows that 46.7% of the sample population expressed
that after reading the social norm-based warning messages, they gave up or did
not want to share because they felt the content was misleading or inaccurate
(Andi & Akesson, 2020) . We can conclude that using social norm-based
messages can effectively reduce the increase in retweets and new comments
due to the herd effect in the COVID-19 vaccine hostile topic community,
effectively controlling and reducing the negative topic community increase in
size.
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CHAPTER SIX
LIMITATIONS AND FURTHER WORKS

Limitations
1. This project used Twitter data for time series data analysis, social
network analysis, and sentiment analysis. Therefore, the data analysis
results are not fully representative or equal to the results if this method
were applied to data from other social media platforms. If your project
needs to apply this method with other data sources, please make
adjustments based on the actual situation. For example, the datasets
retrieved from other social media platforms could have different data
structures, so please refer to Python Textblob and RStudio
AcdemictwitterR user menu on GitHub before directly using the code
from the internet.
2. The geographic coordinate metadata is relatively lacking due to Twitter
user privacy policies. I tried further investigation with geolocation data
which requires a substantial increase in data collection and querying
the tweets only with geocoordinate metadata when running the API.
Based on the experience from this project, querying the tweets only
with geocoordinate metadata will reduce the width of tweet collection.
However, it can be combined with questionnaires for specific regions to
make up for the shortcomings.
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Further Works
In terms of reducing vaccine hesitancy, further investigation will include
factors that caused vaccine hesitancy, such as political, cultural, and social
factors by state, county, and city.
Based on the results of this project, I will use the Microsoft Azure AI
platform to create machine learning models and apply machine learning
algorithms to predict COVID-19-related Twitter trends. The results will provide
insights for public health agencies and help them to identify the factors that
cause vaccine hesitancy. Also, it will help Twitter users to understand the
mechanisms that cased vaccine hesitancy and strengthen their minds to reduce
the influence from negative tweets and misinformation.
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CHAPTER SEVEN
CONCLUSION

Conclusion
Vaccine hesitancy and misleading information on Twitter have been a
threat to public health safety during the COVID-19 pandemic. This project
investigated three factors that cause vaccine hesitancy which are COVID-19related events, social media influencers, and herding behavior. I performed timeseries data analysis on COVID-19 vaccine-related tweets, social network
analysis algorithm, and sentiment analysis. Analyzing time-series data showed
that Twitter topics and keyword trends are event-driven. Users tend to search for
the negative side of tweets for emerging events, such as when the COVID
vaccine was first released. Sentiment analysis helped us retrieve keywords and
visualize Twitter users' emotions about the COVID-19 vaccine. We found out that
users are commonly very concerned about whether the vaccine will cause
damage to the body. Social network analysis helps us visualize user
segmentation based on COVID-19 vaccine-related topics on Twitter. Social
network analysis also depicts the pattern of how each topic community looks like,
the characteristics of SMIs, and how information disseminates among
communities. The python TextBlob subjectivity analysis helps us discover
herding behavior in the topic communities. Finally, this research article suggests
that users should obtain information about the COVID-19 pandemic and
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vaccination from public health agencies' official sources. Health agencies should
recommend that social media platforms use social norm-based warning
messages. Social media platforms should preferentially display relevant
information from officials when users search COVID-19 vaccine-related
keywords.
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APPENDIX A:
KEY CONCEPTS
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•

“Node” or “vertex” refers to a user in a social network (Hanneman,
n.d.).

•

Edges are the connection or relationship between two users
(Hanneman, n.d.).

•

“Betweenness” refers to the extent degree to which two users stand
between each other (Hanneman, n.d.).

•

“Density” refers to the possibilities a relationship exists between
users in a social network. The high-density value of a network
means that there are relationships and connections in one another
(Frey, 2018).

•

“Centrality” in network analysis helps identify key users, influencers,
and users who hold most information in a social network (Liu,
2011)33.

•

“In-degree” refers to the number of incoming edges each node or
vertex has. In other words, in-degree shows how many times a user
retweets another user’s post (Kwak et al., 2010).

•

“Out-degree” refers to the number of outgoing edges a node or
vertex has. In another word, out-degree shows how many times a
user’s post is retweeted (Kwak et al., 2010).

•

The “golden ratio” refers to the Twitter follower and following ratio. It
helps us identify which user has a high influencing capacity. For
example, we say a user is more influencing if user’s follower
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number is much higher than his/her following user number (“What
is a Good Follower to Following Ratio?”, 2020).
•

A “topic” is a collection of popular keywords used to correlate with a
topic. Keywords such as “vaccine”, “COVID-19”, and “vaccine
hesitancy” are representative of the topic “COVID vaccine
hesitancy”.

•

A document refers to a tweet text record such as a tweet on
COVID-19 vaccine hesitancy is a document.

•

The Latent Dirichlet Allocation (LDA) algorithm extracts topics from
large amounts of text and automatically categorize text into different
topics (Sharma, 2020).

•

Stop words refers to words that will not provide valuable information
such as articles, prepositions, pronouns, and conjunctions (Khanna,
2021).

•

DTM refers to the document-term matrix, and it is used to show the
most frequent terms that appear in a collection of documents (Yan,
2020).
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APPENDIX B:
COVID-19 VACCINE-RELATED KEYWORDS AND HASHTAGS
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(“COVID-19 vaccine”, “#COVID19vaccineagenda”"#vaccine" ,"#stopmandatoryvaccination" , "covid vaccine",
"#forcedvaccines", "#vaccinedamage" ,"#stopmandatoryvaccination" ,
"#forcedvaccines", "#cdcfraud", "vaccine kill", "anti vaccine", "medical freedom",
"covid vaccine harmful", "covid vaccine side effects bad", "#mybodymychoice",
"No Vaccine For Me" "#forcedvaccines", "#cdcfraud", "#NoVaccine")
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